Quantifying continental scale carbon emissions from the oxidation of aboveground plant biomass following land-use change (LUC) is made dif®cult by the lack of information on how much biomass was present prior to vegetation clearing and on the timing and location of historical LUC. The considerable spatial variability of vegetation and the uncertainty of this variability leads to dif®culties in predicting biomass C density (t C ha ±1 ) prior to LUC. The issue of quantifying uncertainties in the estimation of land based sources and sinks of CO 2 , and the feasibility of reducing these uncertainties by further sampling, is critical information required by governments world-wide for public policy development on climate change issues. A quantitative statistical approach is required to calculate con®dence intervals (the level of certainty) of estimated cleared above-ground biomass. In this study, a set of high-quality observations of steady state aboveground biomass from relatively undisturbed ecological sites across the Australian continent was combined with vegetation, topographic, climatic and edaphic data sets within a Geographical Information System. A statistical model was developed from the data set of observations to predict potential biomass and the standard error of potential biomass for all 0.05°(approximately 5 Q 5 km) land grid cells of the continent. In addition, the spatial autocorrelation of observations and residuals from the statistical model was examined. Finally, total C emissions due to historic LUC to cultivation and cropping were estimated by combining the statistical model with a data set of fractional cropland area per land grid cell, f Ac (Ramankutty & Foley 1998). Total C emissions from loss of above-ground biomass due to cropping since European colonization of Australia was estimated to be 757 Mt C . These estimates are an upper limit because the predicted steady state biomass may be less than the above-ground biomass immediately prior to LUC because of disturbance. The estimated standard error of total C emissions was calculated from the standard error of predicted biomass, the standard error of f Ac and the spatial autocorrelation of biomass. However, quantitative estimates of the standard error of f Ac were unavailable. Thus, two scenarios were developed to examine the effect of error in f Ac on the error in total C emissions. In the ®rst scenario, in which f Ac was regarded as accurate (i.e. a coef®cient of variation, CV, of f Ac = 0.0), the 95% con®dence interval of the continental C emissions was 379± 1135 Mt C . In the second scenario, a 50% error in estimated cropland area was assumed (a CV of f Ac = 0.50) and the estimated con®dence interval increased to between 350 and 1294 Mt C . The CV of C emissions for these two scenarios was 25% and 29%. Thus, while accurate maps of land-use change contribute to decreasing uncertainty in C emissions from LUC, the major source of this uncertainty arises from the prediction accuracy of biomass C density. It is argued that, even with large sample numbers, the high cost of sampling biomass carbon may limit the uncertainty of above-ground biomass to about a CV of 25%.
Introduction
Emissions to the atmosphere of carbon from the oxidation of above-and below-ground plant biomass and soil organic matter following land-use change (LUC) to agriculture are important sources of CO 2 contributing to the enhanced greenhouse effect globally. It is estimated that these emissions contribute historically about half as much as fossil fuel emissions to the overall global greenhouse effect and currently about 25% of annual emissions (Houghton 1999; . To estimate the amount of carbon (C) lost to the atmosphere by clearing of above-ground biomass requires information on above-ground biomass C density (t C ha ±1 ) of the landscape prior to clearing, the area which has undergone LUC and the above-ground biomass in disturbed areas after clearing. Most of the work to date has focused on reducing the uncertainty of the land area cleared of vegetation using satellite mapping both in Australia (e.g. Woodgate & Black 1988 ; Queensland Department of Natural Resources 1999) and world-wide (e.g. DeFries et al. 1999; Ramankutty & Foley 1998 . However, there may be an equivalent or greater uncertainty in the assignment of above-ground biomass prior to vegetation clearing. The problem of determining the amount of biomass cleared and the uncertainty of this estimate occurs irrespective of the subsequent fate of the biomass after clearing.
Emissions from the oxidation of above-ground biomass carbon are estimated as the product of the aboveground biomass C density (q; t C ha ±1 ) in its pre-cleared state and the area of land cleared of vegetation (A L ). Estimating the above-ground biomass loss from past vegetation clearing over large regions (of the order of 10 5 km 2 ), such as continental Australia, is dif®cult because (i) there are few prior measures of biomass on lands where clearing has occurred, (ii) above-ground biomass is highly variable, (iii) the task of measuring biomass at many locations is not possible given ®nancial constraints, (iv) the location of past (and future) clearing is uncertain, and (v) it is virtually impossible to validate estimates of emissions from past vegetation clearing except globally by examining the C balance of the atmosphere. To quantify reliably the impact of clearing of above-ground biomass on atmospheric CO 2 concentrations using ground-based measurements of biomass, it is necessary to address adequately these ®ve dif®culties and to quantify uncertainties in emissions.
In the present context, we de®ne uncertainty as inadequate knowledge regarding the statistical parameters (mean, variance and skew) of the frequency distribution of a variable of interest; it is measured here by the standard error of the mean. This is distinct from the de®nition of variability, being the quantitative value of statistical parameters of the frequency distribution; it is measured here by the standard error of the population. The combination of uncertainty and variability of model input variables determines the range and likelihood of model output. Here, modelled output is the predicted C emissions per grid-cell for a continental raster. When calculating C emissions as the product of fraction of land area cleared per grid-cell and mean potential aboveground biomass C density prior to clearing, the appropriate uncertainty is the standard error of the population of residuals of the statistical model. This is because, at the grid-cell scale, we have no information on the exact biomass at sites prior to clearing. The`true' biomass cleared could have occurred at any point on the frequency distribution function for that grid cell. In contrast, when calculating total above-ground biomass of many grid cells, the standard error of the mean is the appropriate uncertainty because the variability within a grid-cell does not contribute to the grid-cell total if an unbiased mean value is known. Thus, uncertainty in estimated C emissions arises from variability in biomass (i.e. natural heterogeneity) across a grid cell, uncertainty in this variability and uncertainty in the estimate of the fraction of grid-cell area cleared of vegetation. Variability in the fraction of area cleared does not exist because there are only two possible states for this term: uncleared land and land cleared for cropping.
Qualitative sources of uncertainty may also impact on the potential range of emissions. These sources arise from a lack of process understanding or confusion or ambiguity of de®nitions (see Morgan & Henrion 1990 for a comprehensive treatment). For the case of above-ground biomass, qualitative errors are likely to be insigni®cant but may be considerable for other terrestrial sources and sinks. Accurately quanti®ed estimates of uncertainties of CO 2 emissions from land clearing are needed to improve understanding of the global carbon cycle, to report in national inventories prepared under the Intergovernmental Panel on Climate Change national greenhouse gas inventory uncertainty guidelines (Penman et al. 2000) , and may subsequently be useful for evaluating commitments under the Kyoto Protocol to the United Nations Framework Convention on Climate Change (UN FCCC 1997) .
Remotely sensed data archives provide an opportunity to classify land cover and, by tracking changes through time, quantify the location and area undergoing LUC (e.g. Graetz et al. 1995; Tucker & Townsend 2000) . However, there are dif®culties in interpreting the re¯ected radiation signal as a land cover type (e.g. Kimes et al. 1998 ) and this uncertainty translates to uncertainty in the detection of areas of LUC. Due to the sparseness of data on above-ground biomass at large (continental) scales, and the high resolution and improvement of current satellite imagery, the majority of the uncertainty in estimates of C emissions from above-ground biomass due to LUC will derive from the estimate of above-ground biomass prior to the changed land use.
In Australia, total emissions from the Land Use Change and Forestry (LUCF) Sector of the National Greenhouse Gas Inventory are substantial, being about 25% of the total anthropogenic emissions (NGGIC, 1998) . In addition, the uncertainty in these emissions estimates contributes a greater proportion to the total uncertainty of greenhouse gas emissions than other sectors such as fossil fuel, gas¯aring and cement manufacture. This situation has arisen because many LUCF inventory terms are estimated on the basis of few observations and are accompanied by qualitative or`expert judgement' measures of uncertainty. Current estimates of carbon released from land clearing at national or continental scales (e.g. NGGIC 1998; have at best relatively simple quantitative assessments of uncertainty (e.g. Brown & Gaston 1995; Alexeyev et al. 1995; Schuft et al. 1998) , although robust error analyses at the forest to regional scale have been developed by Gertner & Kohl (1992) , Ciezewski et al. (1996) , Phillips et al. (2000) and Schroeder et al. (1997) .
The small sample numbers used in the LUCF sector characteristically have large standard errors and may poorly represent the population from which they are drawn. Normally more sampling would be recommended but there are no estimates available as to the likely sampling effort required to reduce the uncertainty in land based C emissions at the continental scale to any particular pre-de®ned level. Explicit determination and incorporation of uncertainty via quantitative statistical analysis will improve the level of reliability of emissions estimates from vegetation clearing in a transparent and veri®able manner.
In this paper, we calculate the predicted value and the standard errors of above-ground biomass C density prior to LUC based on observations from minimally disturbed sites. The standard error of the mean was used to examine the relationship between uncertainty in`steadystate' biomass C density and sample number. The standard error of the residuals was used to estimate the magnitude and uncertainty of C emissions from the clearing of above-ground biomass arising for cultivation and cropping. First, we examine the spatial distribution of the standard error of mean above-ground biomass at the scale of continental Australia and identify regions where major reductions in uncertainty would occur if further sampling was conducted. Second, we explore the relationship between standard error of mean aboveground biomass and sample number to examine the propensity for small sample numbers to yield biased estimates and quantify the rate of convergence of the standard error of the mean towards zero as sample number increases. Finally, we quantify the impact of error in mapping LUC on uncertainties of estimated C emissions to the atmosphere from above-ground biomass by combining the statistical model of above-ground biomass, information on the spatial correlation of biomass and a spatial data set of land area under cultivation (Ramankutty & Foley 1998) . The methodology used here is generally applicable to other locations and other biosphere C stocks where emissions estimates are made on the basis of few observations. Emissions from belowground biomass, littermass C and soil C decay will be addressed in future papers; although some of the issues related to the estimation of the release of carbon from land clearing and regrowth for national greenhouse gas inventories have been addressed previously (Wang et al. 1997) .
Materials and methods

Linear model formulation
This analysis develops a statistical model of steady state biomass for a continent, in this case Australia, as a function of climatic, topographic, vegetation and edaphic variables. The term`steady state' (i.e. equilibrium) is de®ned as used in compartmental analysis (Jacquez 1985) to describe a system in which the rate of change of compartment mass (a`reservoir' or`stock') with respect to time is zero. Thus, for above-ground biomass, the
vegetation stock has attained the maximum value when at steady state, given climatic and edaphic constraints. In reality, this condition may never exist as all systems are disturbed at varying frequencies and at a range of scales. Nonetheless, the trajectories of natural systems in state space may oscillate around steady state. Where disturbance frequencies of natural systems are low, such as where no recent stand-replacing ®re events have occurred, stocks may be close enough to the equilibrium point ± given the level of natural heterogeneity ± to assume steady state. Higher disturbance frequency may reduce biomass density considerably and because this information is not available in the present work, the estimates of C emissions based on steady state values are an upper limit which may, in the future, be revised downward when further information on disturbance and pre-clearing vegetation stocks becomes available.
The biomass model is calibrated using a geographically referenced high-quality biomass data set (see section Application to the Australian Continent, below, for selection criteria of observations) that includes all acceptable published biomass measures plus associated rainfall, temperature, vegetation, topographic and soil attributes. Published biomass data from the scienti®c literature, being peer reviewed are the best available information on the variability of above-ground biomass and were used to develop the observation data set in a GIS (ArcView, Environmental Systems Research Institute, Redlands, CA, USA). From the calibrated model, the spatial distribution of above-ground biomass and its standard error are predicted.
A multiple linear regression (MLR) statistical model (Sokal & Rohlf 1995) was developed to predict biomass prior to LUC. Data for auxiliary variables were extracted from coverages within the GIS by overlaying the geographical locations of study sites on the existing data sets. Model development continued by iterative ®tting of various combinations of the auxiliary variables (vegetation, topography, climate and soil variables) until the most parsimonious model was produced, i.e. the model that explained the greatest proportion of variation in the dependent variable (biomass observations) using the least number of auxiliary variables. The MLR model partitions variance in the observation data set into systematic and random terms and it is the measure of variance`explained' by the systematic term that constitutes the model's ability to make predictions (statistical inferences) in parameter space.
Spatial autocorrelation
Examination of the spatial correlation of observations and residuals is necessary for three reasons: (i) the least squares method used to parameterize the regression coef®cients of the MLR model assumes independence of residuals and so the presence of autocorrelation would lead to bias in the prediction variance; (ii) the presence of autocorrelation in the residuals implies that the regression model is incomplete and that further auxiliary variables are required to explain variation in the dependent variable; and (iii) variances of totals obtained by summing predicted values and their variances over many grid cells will be underestimated if the autocorrelation is not considered.
Moran's statistic of spatial autocorrelation, I d , is a measure of the dependency of ecological variables on neighbouring observations (Cliff & Ord 1981; Legendre 1993) . The spatial correlation of observed above-ground biomass was calculated and is presented as a correlogram of I d against distance class, d, where d is a measure of the distance separating observations of above-ground biomass. Moran's statistic is the ratio of covariance to variance of observations grouped by distance class:
where q is an observation of above-ground biomass for the i, j = 1 to n observations (subject to i ¹ j), the overbar represents the sample mean of observations and w i j is the weighting applied to each observation dependent on the distance between observations. In the present work, Euclidean distances between observations were calculated by Pythagoras' theorem between all pairs of observations using the latitude and longitude of each study in a square matrix (Czaplewski et al. 1994) and then grouping observations into the i = 1 to n distance classes. The form of the weighting coef®cients was taken from Legendre & Fortin (1989) where observations within a distance class were assigned a weight of 1.0 and 0.0 otherwise.
Relationship between sample size and standard error of the mean
The data set of above-ground biomass observations was used to explore the decrease in uncertainty in predicted biomass with increase in sample number used to generate the MLR model. The decrease in uncertainty arises from the central tendency of large samples to converge on the`true' mean value. Thus, not only does the standard error of the mean decrease with larger sample numbers but the accuracy of the estimated standard error increases. The approach outlined below explores how chance selection of observations from the literature may bias statistical inferences made about biomass particularly when sample numbers are small. By re-sampling the data set and re-calculating the predicted value and standard error of mean biomass for different sample sizes, the relationship between the uncertainty of model prediction and sample number was developed. Speci®cally, the observation data set of biomass was resampled 40 times (with replacement) for 15 sample sizes (n = 5, 10, 15, 20, 25, 30, 35, 40, 45, 50, 55, 60, 65, 70 and 75) . For each of these 600 realizations, the regression coef®cients of the MLR model were re-calculated and used to predict biomass and standard error of mean biomass at a nominal value of each of the auxiliary variables (values at about the mid-range of each auxiliary variable were used). Details of the calculation of standard errors of the mean (and of the residuals) from the MLR are given in Appendix 1.
Estimated C emissions from land use change and their uncertainty
The MLR model was combined with a data set of fractional cropland area per grid-cell to estimate C emissions from historic land-use change to cultivation and cropping on the assumption that all carbon in plant matter is oxidized to the atmosphere after LUC. The fractional cropland area data were developed by Ramankutty & Foley (1998) using the DISCover data set of Loveland & Belward (1997) . The DISCover data set was developed using an unsupervised classi®cation of monthly maximum value composites of the 1-km NOAA-AVHRR Normalized Difference Vegetation Index data between April 1992 and March 1993. Vegetation classi®cation is based on the spectral characteristics and the temporal variation of the radiation signal received by the satellite. The preliminary clustering of the unsupervised classi®cation was followed by a postclassi®cation assignment of vegetation classes using existing national vegetation, land use, land cover and soil data sets (Loveland & Belward 1997) . A subsequent validation study of the DISCover data set showed that, for the cropland vegetation class world-wide, 64% of the validation samples (i.e. 18 out of 28) were correctly assigned (Scepan 1999) . Ramankutty & Foley (1998) reclassi®ed the`Seasonal Land Cover Regions' scheme of the DISCover-1.2 data set into six categories of increasing proportion of crop area. They de®ned cropland as arable land used for cropping or in fallow including land used for temporary pasture and cocoa, coffee and rubber tree crops (of which there are none in Australia). Permanent pastures were omitted. In the Australian context, this is interpreted here as native pastures, sown perennial pastures and sown annual pastures. To spatially distribute statistics of cropland area for geo-political units, the fraction of cropland area of each of the six cropland categories was varied iteratively until the errors between the aggregated cropland area based on the DISCover data set and the area reported by government agencies for each political unit were minimized. The constraint used in their analysis was that the rank-order of crop area of the six vegetation classes remained constant during the minimization process. For Australia, the political units were the eight states and territories of the Australian mainland and Tasmania. The 1990 cropland area data of the Australian Bureau of Statistics (ABS) were used to calculate the proportion of total cropland area for each state and territory in that year. These proportions were then applied to the United Nations Food and Agriculture Organization statistics for 1992 to arrive at the aggregated cropland area values.
The estimate of C emissions from the (i,j) th grid cell of the continental raster was calculated as
where q Ã is the predicted above-ground biomass of the grid-cell and A Ã Lij is the predicted cropland area per grid cell,
where f Ã ACij is the predicted fractional cropland area and A Cij is the grid-cell total area. For convenience we used a log-transformation of equation 2 to simplify error propagation because the residuals of above-ground biomass were log normally distributed (see Results):
Exponentiation of Equation 4 gives the estimated modal (geometric mean) C emissions. However, for a lognormal model, the estimated arithmetic mean C emissions per grid cell are skewed relative to the mode. The unbiased mean C emissions are calculated as (Harris & Stocker 1998 )
The latitudinal total C emissions (i.e. of the i th row) is
and the continental total C emissions were calculated as
The estimated standard error of C emissions of the (i th , j th ) grid cell after exponentiation, s F Ã ij , was calculated from the ®rst-order Taylor expansion of equation 4 for the random variables q Ã ij and A Ã Lij assuming that the area of each grid cell is known with zero error (see Appendix 2). The spatial correlation of q Ã ij was incorporated into the estimated variance of the total latitudinal and total continental emissions as described in Appendix 3.
Application to the Australian continent
A geographically referenced data set of above-ground biomass measurements was established based on opportune, but robust, estimates of plant mass for known locations across Australia. To maintain data quality, the following criteria determined acceptance of reported biomass measurements into the observation data set:
d Only data from the published scienti®c literature were used. This ensured measurements met a standard of peer review.
d Studies were included where latitude and longitude of each site was noted by the authors or, where absent, was identi®able from a described feature using Australian Surveying and Land Information Group (AUSLIG) 1 : 1000 000 Maps to 0.1 degree accuracy.
d Where multiple sites were measured by authors, but were described by a single latitude and longitude reference, the average biomass was used for all sites with the consequential loss of a small amount of information on short-scale spatially correlated variance.
d Where an age sequence of vegetation was measured at a single site, the oldest age in the sequence was used, on the assumption that the oldest site would be closest to steady state conditions.
d The description of vegetation species composition, growth form and structure from each study was checked against the following criterion of steady state. Published studies were considered to be at or near steady state when the author's description of the growth form of the overstorey vegetation matched the description of the tallest stratum in the Australian Surveying & Land Information Group 1788 Australian Vegetation Classi®cation (AUSLIG 1990) . Thus, these observations of above-ground biomass are interpreted as the C stock under minimally disturbed conditions where the return period of stand replacing ®res is longer than the time to maximum biomass. This approach ensured that overstorey vegetation composition was the same in 1788 as the present but may ignore land use leading to thinning or thickening of biomass in the period 1788 to present unless remnant vegetation was historically reserved from wood harvesting or grazing activity. Such effects, if they occur, will add to the uncertainty of the estimate via the residual mean square of the statistical model. The statistical models were developed using four preexisting data sets to supply values for the auxiliary variables:
1 The AUSLIG Digital Vegetation Atlas (AUSLIG 1990) from which vegetative growth form of the tallest stratum (T, tall trees > 30 m height; M, medium trees 10 ±30 m; L, low trees < 10 m; S, tall shrubs > 2 m; Z, low shrubs < 2 m; H, hummock grasses; G, tussock or tufted grasses; F, other herbaceous plants and percentage foliage projected cover attributes (1, < 10% cover; 2, 10± 30% cover; 3, 30±70% cover; 4, > 70% cover) were extracted. The soil attribute used in this study was gross nutrient status of the soil (1 =`low; vegetation likely to have a major response to N, P and K along with most micronutrients', 2 =`moderate; responses by vegetation to N and P with occasional response to some micronutrients', and 3 =`high; responses by vegetation to N and P uncommon except after intensive farming'). 3 The 0.25°Australian Bureau of Meteorology Research Centre and the National Climate Centre interpolated climate surfaces for monthly maximum and minimum temperature and rainfall across Australia (Jones 1999) . These data sets were re-processed to yield mean annual rainfall and temperature from the monthly data. 4 The Australian National University, Centre for Resource and Environmental Science, 0.05°Digital Elevation Model (ANUDEM) from Hutchinson (1998) was used to obtain elevation and delineate the land/sea mask for the continent in conjunction with the Bureau of Meteorology climate surfaces.
Results and discussion
Observation data set of above-ground biomass C density A total of 76 study sites were obtained from 49 published studies of above-ground biomass (Table 1 and Fig. 1 ) that met the quality control criteria outlined in the Methods, above. Fourteen of these observations were subsequently omitted from parameterization of the MLR 2 Growth form and foliage cover of tallest stratum from 1788 AUSLIG vegetation classi®cation at location of each study. The AUSLIG data set uses an alphanumeric code to describe growth form (T, tall trees > 30 m; M, medium trees 10±20 m; L, low trees < 10 m; S, shrubs > 2 m; Z, shrubs < 2 m; G, tussocky or tufted grasses and graminoids) and projected foliage cover (1, foliage cover < 10%; 2, foliage cover 10±30%; 3, foliage cover 30±70%; 4, foliage cover > 70%). 3 25 years mean annual temperature and mean annual rainfall of the 0.25°grid cell within which the study resides based on Bureau model because they were regarded as biased. In ®ve cases, measurements consisted of only the grass component beneath a woody overstorey, six sites were of heath vegetation on sandy soils of exceptionally low nutrient status in otherwise high rainfall zones, one site was exposed to salt spray in a coastal location, another site was a young fertilized plantation forest and the methods in another study were incomplete such that a con®dent estimate of total above-ground biomass could not be made. Figure 1 shows the observation data used in development of the MLR model plotted as a function of mean annual rainfall, along with data omitted from model parameterization and a set of independent measures of above-ground biomass of central Queensland woodlands (Burrows et al. 2000) . These independent observations overlay and have a similar dispersion about the regression function to that of the continental data set and so partly validate the data used to construct the MLR model. It was assumed that the biomass measurements of the observation data set represented the maximum biomass possible for each grid cell given biophysical constraints of water availability, temperature, nutrient supply and minimal disturbance. Furthermore, it was assumed that the whole data set of biomass observations was representative of the range of variation in aboveground biomass at the continental scale. Given that ecological studies of vegetation biomass are likely to be biased towards the highest biomass and least disturbed sites within the landscape, particularly in developed Undulating plains with drainage depressions of loamy yellow earths, Mx1; Undulating plains of low dunes and occasional stony ridges. Soils: sandy and loamy red earths, My1; Undulating tablelands of generally neutral red earths, My118; Plains of neutral red earths, My3; Undulating plains of red earths with some yellow earths, My4; Undulating plains with some dune or stony ridges. Soils of sandy or loamy red earths, My70;¯at plains of neutral loamy red earths, Nb3; Plains and drainage lines of crusty loamy soils, Pb17; Hilly of acidic red soils, Pb5; Mountainous of acidic red soils, Qa14; Hilly to steep terrain of loamy red duplex soils, Tb1; Hills and plains of acidic yellow mottled soils and neutral red soils, Tb14; Undulating of acidic yellow mottled soils, Tb35; Dissected plateau of acidic yellow and yellow mottled soils, Tb43; Undulating to Hilly terrain of acidic yellow mottled soils, Uc1; Steep terrain of neutral to acidic yellow mottled soils and some red earths, Va73; Flat to gently sloping plains and¯ood-plains of yellow mottled and yellow soils. Some gravels, Wa18; Hilly terrain of acidic yellow mottled soils, Ya11; Hills and plains of sandy alkaline yellow mottled soils with some leached sands. 5 Gross Nutrient Status (GNS) of soil based on McKenzie & Hook (1992) interpretation of the Atlas of Australian Soils. Levels are: 1, low; 2, moderate; 3, high. See text for further description. 6 Biomass reported within each study as t DM ha ±1 converted to t C ha ±1 assuming a dry weight to C conversion coef®cient of 0.45. 7 Sources of published studies used to construct data set:
countries (Iverson et al. 1994; Brown & Gaston 1995; Schroeder et al. 1997) , the assumption of steady state in the present work is reasonable.
The values of above-ground biomass reported in the data set varied from 0.04 t C ha ±1 in the lowest rainfall regions of the continent to approximately 420 t C ha ±1 for the most productive forests of Victoria (Table 1) , which is in broad agreement with the maximum value of 400 t C ha ±1 by Grierson et al. (1992) for Victorian upland forests where heights of Eucalyptus regnans trees on undisturbed sites can attain nearly 80 m (Ashton 1975) . These biomass maxima are comparable to the upper range of biomass reported for forests globally. For example, the maximum biomass of lowland tropical forests of Malaysia and central Africa are of the order of 400±500 t C ha ±1 (Brown et al. 1993; Brown & Gaston 1995) .
Statistical inferences of above-ground biomass C density
It was necessary to transform the biomass data by natural logarithm (Fig. 1) to maintain homogeneity of the residuals as required under the assumptions of the least-squares regression model. In the most parsimonious MLR model, 81% of the variability of natural log-transformed biomass was explained by the auxiliary variables of mean annual rainfall, mean annual temperature, GNS and the interaction between mean annual rainfall and mean annual temperature. Other possible models that included vegetation structure or canopy cover as signi®cant terms were rejected in favour of the rainfall/temperature/soil nutrient model (despite a greater`explained' variance) because of circularity arising from inclusion of vegetation characteristics as auxiliary variables in a model used to explain another vegetation characteristic (i.e. above-ground biomass). The ®nal MLR model was ln(q Ã) = ± 37.80 + b i + 6.52 ln(x R ) + 0.933 (x T ) ± 0.1578 (ln(x R )´x T )
where b i = 0 for GNS class 1, 0.26 for class 2 and 0.10 for class 3, ln-x R is log-transformed mean annual rainfall and x T is mean annual temperature. Surprisingly, the inclusion of other soil terms such as soil hydraulic conductivity, soil pH and soil depth did not contribute signi®cantly to the explained variance of the ®nal model. Thus, any variation in biomass induced by these other soil properties is small and not systematic at the continental scale. The interaction between the effects of mean annual rainfall and mean annual temperature on C stock arises from the effect of environmental variables on C in¯ux by photosynthesis and ef¯ux by respiration and mortality. At mean annual rainfall < 550 mm an increase in mean annual temperature is likely to decrease soil water availability by increased evaporation from the soil leading to a reduction in vegetation productivity and hence biomass density per unit rainfall. Biomass turnover is faster more in tropical than in subtropical and temperate regions of Australia (Barrett 1999) , so for a given net primary production a lower biomass results. For a given rainfall and temperature, locations with low nutrient status (GNS class = 1) had lower above-ground biomass than those of medium or high nutrient status (GNS classes 2 and 3).
Observations of above-ground biomass were spatially autocorrelated with values of I d = c. 1.0 at distance scales of up to 20 grid cells (i.e. approximately 100 km; Fig. 2 closed symbols) and decreasing approximately as the inverse of distance up to 120 grid cells (c. 600 km). While this result is largely self-evident (in that above-ground biomass is likely to be more similar for nearby points than for locations further away), it is necessary to quantify the extent of the spatial correlation in order to accurately calculate the variance of total C emissions (Appendix 3). The signi®cant negative correlation (I d = c. ±0.4) at distances of 360 cell units (i.e. c. 1800 km) depicts a characteristic scale separating the higher biomass of the fringes of the continent from the arid shrublands of the interior (Fig. 3a) .
The absence of spatial autocorrelation in the residuals (Fig. 2 open symbols) indicates that the systematic variation in observations of above-ground biomass is Fig. 3 Spatial distribution of (a) the estimated above-ground biomass C density (ln(t C ha ±1 )) and (b) the log-transformed standard error of mean above-ground biomass C density (ln(t C ha ±1 )) from the MLR model developed from the data in Fig. 1 
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well accounted for by variation in the auxiliary variables of the MLR model. This result increases con®dence that both predicted above-ground biomass and predicted variance of above-ground biomass of each grid cell are unbiased.
The unexplained variance, of approximately 19%, remaining after ®tting the most parsimonious model was likely due to phenomena at distance scales shorter than a grid-cell that cause deviations of observations from the model function (Fig. 1) . These phenomena include: (i) the effect of localized variation in microclimate or topography on soil moisture and soil nutrient availability which controls biomass at scales not discernible at the resolution of the continental data sets; (ii) differences between actual rainfall, temperature and soil nutrient content at the study site and the values of these variables for each respective grid cell derived from continental data sets; (iii) the likely differences between species in their ecophysiological responses to the availability of soil water, nutrients and temperature; and (iv) the presence of past disturbance causing deviation of measured biomass from the true maximum steady state value.
Spatial distribution of q Ã ij and standard error of mean above-ground biomass
The continental surface of predicted above-ground biomass is shown in Fig. 3(a) and the one standard error surface of mean biomass in Fig. 3(b) . In central-southern Queensland, central-west New South Wales and western Victoria a combination of low biomass, relatively small climatic and edaphic variation and high sample density results in relatively small standard errors of mean aboveground biomass. However, where variation in climate and soil is high, such as throughout the high relief mountain regions of south-eastern Australia (south-east NSW and eastern Victoria), the range of the standard error of mean biomass is large. For these regions, subgrid cell scale variation in biomass contributes to the large standard errors via the residual mean square (see equation A3) resulting in large uncertainties. Throughout the tropical regions of Australia, for example north of about 18°S, the standard error of mean biomass is also relatively large, but in this case the uncertainty is due primarily to low sample density (n) rather than necessarily from large sub-grid cell natural variability.
Total above-ground biomass C stock for the Australian continent based on predicted modal biomass C density from the MLR (Fig. 3a) is 10.7 Gt C which is about 77% of the total above-and below-ground biomass stock of 13.9 Gt C estimated by Barrett (1999) . Given a continental land area of 769 Mha, the biomass C stock of Australia is relatively small compared to the 51 Gt C of above-and below-ground biomass C stock of Africa (Gaston et al. 1998) , the 176 Gt C of above-ground biomass of tropical south and south-east Asia (Iverson et al. 1994) or the 58± 81 Gt C of above-and below-ground biomass of Brazil (Schroeder & Winjum 1995) . The extensive contiguous tracts of lowland tropical forests in Africa, Asia and South America result in large vegetation C stocks for these countries. As a comparison, the combined aboveand below-ground biomass stock of the forest sector alone in China, Russia, Canada and the conterminous United States of America is 4.3, 27.9, 14.0 and 12.1 Gt C , respectively (Kurz & Apps 1994; Alexeyev et al. 1995; Turner et al. 1995; Fang et al. 1998 (Iverson et al. 1994) . The standard error mean biomass surface (Fig. 3b ) provides important information on the spatial distribution of the uncertainty in biomass derived from sample density and random variation in biomass observations (the residual mean square). The random variation in biomass observations (residuals) was spatially uncorrelated (Fig. 2) , although it is possible that at ®ner scales than the present work, some random variation could actually be spatially correlated. For example, recent vegetation mapping studies in tropical rain forest have demonstrated autocorrelation of some vegetation properties (e.g. tree density and tree diameter which are both related to biomass) at distances from 0 to 35 km (Atkinson 2000) . To accurately quantify autocorrelation at patch, regional and continental scales requires a hierarchical sampling strategy involving nested plots at a range of distance scales. As it is not ®nancially feasible to hierarchically sample a region as large as a continent, information on the spatial distribution of uncertainty along with other information sources (e.g. GIS coverage of remnant vegetation, road access and areas of strategic interest) are needed to identify priority locations where further sampling would maximize the reduction in uncertainty particularly where ®nancial constraints limit sample size.
Sampling and uncertainty of above-ground biomass density
The risk of using small sample sizes to represent large regions is biased sampling of the biomass distribution of that region. Figure 4 quanti®es the rate at which uncertainty in estimated biomass decreases with increase in sample number at a nominal site. It shows that, not surprisingly, low sample numbers result in large standard errors of the mean (high uncertainty) for estimated biomass. The con®dence interval of predicted biomass at this site based on less than 10 observations of above-ground biomass taken randomly from the data set are so wide that they encompass a range greater than the observed range of biomass across the continent, i.e. 0±400 t C ha ±1 . Thus, it is not possible to predict the biomass at any location within a large region (of the order of 10 5 km 2 ) to any certainty with less than 10 samples of biomass taken from within that region.
The maximum and minimum extremes of the standard errors in Fig. 4 de®ne the range within which the estimated uncertainty could reside depending on which particular selection of samples happened to be chosen at any time. It is entirely possible that for small sample sizes further sampling may apparently increase uncertainty in cases where the original sample underestimated the standard error of the mean. The narrowing of the range between maximum and minimum curves with increase in sample number indicates increasing representativeness (i.e. decreasing bias) of the sample and a more con®dent estimate of the standard error.
Uncertainty in the estimate of biomass decreases rapidly with an increase in sample number. For example, a sample number of n = 40 yields a standard error of mean log-biomass of 0.48 which, when back transformed, corresponds to a con®dence interval of 77±199 t C ha ±1 about the predicted value of 123 t C ha ±1 . By increasing the sample number to n = 75, the con®dence interval narrowed to between 88 and 173 t C ha ±1 . The narrower con®dence interval, based on more samples, is between 29% and 40% either side of the predicted value. This range is of a similar magnitude to the con®dence intervals of predictions based on more intensively sampled forest inventory measurements ( Table 2 ). The 95% con®dence intervals of these studies ranged from approximately 9% of mean biomass for a Eucalyptus sieberi forest site to 44% for a Eucalyptus obliqua/E. dives forest in Victoria. Similar 95% con®dence intervals of biomass have been reported for tropical Amazonian rain forest (T 50% of the mean value of 300 t C ha ±1 ; Brown et al. 1995) and African biomes (coef®cients of variation from 15 to 123% for biomass from 22 to 412 t C ha ±1 ;
Brown & Gaston 1995). Thus, even with intensive sampling of forests (of scales 10 0 to 10 2 km 2 ), considerable random variance remains (e.g. Atkinson 2000) and the con®dence intervals of these studies cannot be reduced to less than 20% ± 30% of the mean value. If these results are generally applicable to woody vegetation world-wide, it sets a limit to the maximum accuracy possible for predicted biomass prior to LUC and, hence, the estimated C emissions based on biomass estimates. In other words, an uncertainty of the order of 20% to 30% of the estimated biomass C density of forests may be irreducible given natural heterogeneity and the logistical constraints of sampling.
C emissions from historic LUC to cropping in Australia and their uncertainty Figure 5 shows the spatial distribution of C loss to the atmosphere estimated by combining the surface in Fig. 3 with a data set of fractional cropland area per grid-cell (Ramankutty & Foley 1998) . The extensive cropping regions of south-eastern and south-western Australia are visible as well as the relatively smaller, more recently established cropping areas of central Queensland and the lower rainfall areas of central western New South Wales; although there are some apparent outliers, such as in parts of mid-north Queensland, the Northern Territory, and south-east Western Australia, indicating erroneous classi®cation.
The total cropland area of continental Australia for 1992 including land under pasture phase of a croppasture rotation was estimated from the product of area per grid cell and fraction of cropland area per grid cell to Fig. 4 Uncertainty of above-ground biomass as a function of sample number expressed as the ln-transformed standard error of mean biomass for a nominal site. The plot was generated by randomly re-sampling 40 times the data set of observations of above-ground biomass for each sample number (n = 5, 10, 15, 20, 25, 30, 35, 40, 45, 50, 55, 60, 65, 70 and 75) . For each of the 600 realizations the coef®cients of the MLR model were re-calculated. The nominal site had a mean annual rainfall of 1000 mm, a mean annual temperature of 12°C and a predicted biomass C density of 123 t C ha dominates on agricultural land in regions with < 600 mm rainfall in south-eastern and south-western Australia and with < 700 mm rainfall in northern NSW and southern Queensland, whereas meat and wool production is the primary land use in areas with higher rainfall. The Fig. 5 The spatial distribution of aboveground C biomass lost to the atmosphere by historic land-use change to cultivation and cropping in Australia (t C ha ±1 ). The map was generated by combining the fractional cropland area data set of Ramankutty & Foley (1998) with the MLR model of above-ground biomass (Fig. 3a) . Hill et al. (1999) . This increases con®dence that the aggregate cropland area as estimated by Ramankutty & Foley (1998) (and interpreted here as excluding the sum of sown perennial and annual pastures of Australia) is reasonably accurate at the continental scale. However, for any given grid cell, error in the estimate of fractional cropland area is likely and this error is unknown. The effect of error in the estimation of fractional cropland area per grid cell, f Ã A Cij , on calculated C emissions from clearing of above-ground biomass for cultivation and cropping is shown in Fig. 6 . If the cropland areas are mapped accurately such that the coef®cient of variation (CV) of f Ã A Cij is zero, the 95% con®dence intervals comprise error from the biomass estimate only (Fig. 6a) . This error increases with increase in latitude from the equator because the log-normal standard error of the residuals increases with the predicted value and so larger C emissions estimates have larger absolute errors. The total mean C emissions for all land grid cells of continental Australia is 757 Mt C with a 95% con®dence interval of 379±1135 Mt C (i.e. a standard error for total C emissions of 193 Mt C yielding a CV for C emissions of 25%). These emissions represent about 0.7% of the estimated 105 Gt C total contribution to global C emissions by historical LUC of forested land to agriculture world-wide (Houghton 1999) . If cropland area was mapped inaccurately, estimating C emissions from LUC becomes much more dif®cult. In Fig. 6b , the CV of f Ã A Cij was set to 0.50. Both the con®dence intervals and the predicted continental total mean C emissions are increased by the increase in error of mapping the cropland area. In this case, the 95% con®dence interval for continentally aggregated C emissions ranged from 350 to 1294 Mt C around a total of 822 Mt C (standard error = 241 Mt C ), corresponding to a CV for C emissions of 29%. The increase in the estimate of the total occurs because grid cell means are sensitive to an increase in the standard error of the residuals when the residual distribution is positively skewed. The continental total based on the modal value, however, is stable at 496 Mt C with respect to the size of the error term. Thus, while accurate maps of land-use change decrease uncertainty in C emissions, the lower limit of the standard error of total C emissions is governed by error in biomass which, as stated above, may be irreducible beyond a certain point given ®nancial and logistical constraints of biomass sampling. The presence of a skewed distribution of above-ground biomass increases emphasis on the need for accurate estimation of the residual distribution function because of the sensitivity of the mean to the presence of outliers in skewed distributions. Carbon emissions based on steady state estimates of above-ground biomass are usually thought to overrepresent C loss to the atmosphere from LUC. This is because actual biomass of the landscape prior to LUC may be less than the bioclimatic potential (Iverson et al. 1994) due to frequent disturbance such as high ®re frequency in Australia's northern tropical savannas (e.g. Smith et al. 1998) . However, it is unlikely given the relative infrequency of stand replacing ®res at higher Fig. 6 The distribution of latitudinal total mean C emissions to the atmosphere from historical LUC to cultivation and cropping in Australia (black line) in Mt C per 0.05°latitude and the cumulative probability distribution function of C emissions (shaded regions either side of black line) calculated from the standard error of the mean (equation A8). The light shaded region encompasses the 5th to 95th percentiles of the prediction interval of latitudinal total C emissions. Dark shaded region de®nes the 25th to 75th percentiles of the prediction interval. In (a)the coef®cient of variation (CV) of the fractional cropland area data set is 0.0; in (b)the CV of the fractional cropland area is 0.50. latitudes in Australia and the independent nature of the observations, that the predictions from the statistical model are signi®cantly lower than pre-LUC values. While evidence does exist for recent vegetation thickening due to relaxation of disturbance by ®re in southeastern coastal Australia (e.g. Lunt 1997) as well as in the savannas of central and north Queensland (Burrows et al. 1990 ) and rangelands of central west New South Wales, there is little information on disturbance frequencies in areas now under intense agriculture. In the Darling Downs of south-east Queensland, Fensham & Fairfax (1999) found little change in tree/understorey density and composition of remnant vegetation after the onset of agricultural activity in the 1840s and 1850s, but we cannot assume this is the case throughout the cropping region of Australia. Thus, the estimated C emissions from LUC to cropping reported here should be regarded as an upper limit based on potential above-ground biomass until new information becomes available.
Implications for estimates of C emissions from LUC in Australia and elsewhere
Biomass is burned quickly following vegetation clearing and so it is impossible to retrospectively measure and validate estimated C emissions from this source at the land surface. Therefore, post hoc sampling and measurement of remnant vegetation must be performed and models developed to infer biomass prior to LUC. A major dif®culty in intensively cropped regions of the world is that few areas of representative remnant vegetation remain with which to calibrate these models. Another dif®culty is establishing whether the original vegetation was at a maximal steady state value or whether prior conditions held the landscape at some reduced biomass.
When prescribing the accuracy desirable for estimates of C emissions from LUC in greenhouse gas inventories, one course of action is to accept that the uncertainty of this estimate will be large and to develop policies accordingly. Another possibility is to attempt to reduce the uncertainties by further sampling of biomass of remnant vegetation in areas currently undergoing clearing. This course of action, of reducing uncertainties by further sampling, needs to be weighed against the potential cost incurred by undertaking extensive biomass sampling over large regions. Due to the high cost of making biomass measurements to high accuracy (Catchpole & Wheeler 1992) , it is likely that only relatively small sample sizes are possible at continental scales, particularly for forest biomes where biomass measurements are most dif®cult. Hence, strategies for ensuring maximal con®dence in the estimated biomass per unit sampling effort are necessary.
The standard error of mean above-ground biomass for any grid cell (Fig. 3b) provides information on the uncertainty of the predicted value from the statistical model. However, it does not provide any information on the biomass distribution within the 25±30 km 2 area of a grid cell. For example, if all observations in Table 1 happened by chance to be exactly equivalent to the true potential biomass for each grid cell, the residual mean square, s 2 ln(q) , in equation A2 would be zero and the standard error of the mean would also be zero; in other words, we would be entirely con®dent that the predicted value of each grid cell was accurate but we would still know nothing about the distribution function (and the degree of skew) of biomass within a grid cell. Some information on grid-cell scale variability (i.e. natural heterogeneity) does exist via the residual mean square due to deviations between observations and the model function ( Fig. 1) , but the small sample sizes ensure that large uncertainties remain in the estimated parameters of the biomass distribution contributing to large uncertainties to the estimate of C emissions. Given enough samples, the predicted biomass of any landscape can be known to a high level of con®dence; however, the logistical constraints of sampling inevitably yield small sample sizes that, when combined with large natural variability in biomass C density, results in relatively large and possibly irreducible uncertainties in continental scale forest inventories.
In the present work, we have shown that by using a statistical approach a quantitative determination of uncertainty in estimates of carbon emissions from clearing of undisturbed biomass is possible for large data sparse regions of the world. Objective critera for the selection of samples of above-ground biomass from the literature, of using biomass data to generate spatially explicit distributions of the predicted value and standard errors of above-ground biomass, and techniques for reducing uncertainties in above-ground biomass through further sampling by examining the spatial distribution of the error term of a statistical model were presented. The methodologies presented here ensure that the con®dence interval of estimated C emissions is quanti®ed by a transparent methodology. The minimum uncertainty attainable for estimates of biomass of regions that have undergone intensive LUC is limited by the cost and logistics of sampling biomass carbon rather than by the accuracy with which LUC can be mapped given current satellite technology. This is not to say that continued effort to accurately map LUC by satellite is unimportant. Rather, it is necessary to recognize that some uncertainties are perhaps irreducible given logistical constraints. In that case, identi®cation and communication of the relevant reducible and irreducible uncertainties, as well as the quantitative level of these uncertainties, are critical for the development of appropriately informed understanding of carbon release from land-use change.
cell was calculated from the logarithm of the standard error of the residuals of above-ground biomass from equation A3b, s ln(q Ã ij ) , and the standard error of cropland area per grid cell, s ln(A Ã Lij ) . The s ln(A Ã Lij ) is unknown and so to proceed it was assumed that the error in fractional cropland area data of Ramankutty & Foley 1998 ) data set was log-normally distributed. This assumption simpli®es calculations but implies that the error in the estimate of cropland area increases proportionally with the extent of cropland per grid cell. While there is no evidence for this assumption, the alternative, that errors are independent of the estimate, would yield a more conservative error in C emissions. Thus, the present estimate of uncertainty of C emissions per grid cell should be regarded as pessimistic' in this respect. The effect of uncertainty in s ln(A Ã Lij ) on s ln(F Ã ij ) was investigated by setting the coef®-cient of variation (CV) of s ln(A Ã Lij ) to two values, 0 and 0.50, which correspond to a standard error of either 0 or 50% in the estimated cropland area per grid cell.
The estimated variance of log-transformed C emissions from clearing of above-ground biomass for the (i, j) th grid cell, s 
The use of ®rst-order methods to estimate the variance is justi®ed because the second partial derivatives of equation 4 are zero and so the linearity assumption of the method is met. The correlation between cropland area and above-ground biomass density, r q Ã ij A Ã ij , was set to zero because we expect independence between the estimate of cropland area and biomass density at the grid-cell scale.
For the log-normal model, the error in cropland area arises from the fractional cropland data (assuming zero error for grid-cell area, A C ) and was calculated from the coef®cient of variation (CV) of f A C ; s ln(A L ) = s ln(f AC ) = ln(CV + 1).
An unbiased estimate of the standard error of C emissions from the (i, j) th grid cell was calculated from the log-normal predicted value and standard error terms (Harris & Stocker 1998) ; where i, k and j, l refer to row and column numbers of the continental raster of standard errors of C emissions from equation A6. In the special case of independence of biomass between grid cells, r q ij q kl = 1.0 when i = k and j = l or r q ij q kl = 0.0 otherwise. Equation A9 then reduces to
(i.e. the sum of the variances). However, the correlogram (see Fig. 2 ) indicated that above-ground biomass measurements were highly correlated when close together with correlation decreasing as distance increased to c. 600 km. Therefore, the correlation coef®cient in equation A9 and A10 were calculated as r q ij q kl = 1.0 at zero distance, then weighted by an exponential decrease in the correlation coef®cient with distance up to 120 grid cells (c. 600 km) and, ®nally, r q ij q kl = 0 otherwise. The 5th, 25th, 75th and 95th percentiles were calculated from s F Ã i and s F Ã and reported in Fig. 6 .
